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Abstract: 
Object detection in high resolution images is a new challenge that the remote sensing community is facing thanks 
to introduction of unmanned aerial vehicles and monitoring cameras. One of the interests is to detect and trace 
persons in the images. Different from general objects, pedestrians can have different poses and are undergoing 
constant morphological changes while moving, this task needs an intelligent solution. Fine-tuning has woken up 
great interest among researchers due to its relevance for retraining convolutional networks for many and interesting 
applications. For object classification, detection, and segmentation fine-tuned models have shown state-of-the-art 
performance. In the present work, we evaluate the performance of fine-tuned models with a variation of training 
data by comparing Faster Region-based Convolutional Neural Network (Faster R-CNN) Inception v2, Single Shot 
MultiBox Detector (SSD) Inception v2, and SSD Mobilenet v2. To achieve the goal, the effect of varying training data 
on performance metrics such as accuracy, precision, F1-score, and recall are taken into account. After testing the 
detectors, it was identified that the precision and recall are more sensitive on the variation of the amount of training 
data. Under five variation of the amount of training data, we observe that the proportion of 60%-80% consistently 
achieve highly comparable performance, whereas in all variation of training data Faster R-CNN Inception v2 
outperforms SSD Inception v2 and SSD Mobilenet v2 in evaluated metrics, but the SSD converges relatively quickly 
during the training phase. Overall, partitioning 80% of total data for fine-tuning trained models produces efficient 
detectors even with only 700 data samples.
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ORIGINAL ARTICLE
1. Introduction
The availability of a large amount of image sequences obtained using security cameras of video cameras 
installed on unmanned aerial vehicles (drones), or low cost imaging sensors such as smartphones opened a large 
series of new application to the remote sensing community. Among them, there is the possibility to detect and track 
persons in urban scenes for security purposes. Pedestrian detection in video sequences is a challenging problem 
because the appearance of the pedestrian changes from image to image along the scene. A flexible model and high 
computation effort are necessary to perform this task with accuracy. One solution to this problem is the use of 
artificial intelligence techniques, like convolutional neural networks (CNN) that have the disadvantage of requiring 
a large amount of training samples and computational effort, generally using a Graphical Processing Units (GPUs) 
to speed up the process, to achieve the desired performance. Gathering and labelling large datasets and training a 
network for specific tasks is therefore impractical and time-consuming.
Due to the generalization capability of CNN features across different datasets, the transfer learning approach 
has shown state-of-the-art performance (Huh et al., 2016) for tasks such as object classification, object detection, 
and segmentation. For instance, the work of Zeng et al. (2014) proposes a transfer learning method for pedestrian 
detection that combines the ability to extract features from CNN and the similar ability to transfer features from 
the auto-encoder network.  Masita et al. (2018) use R-CNN via transfer learning to detect pedestrians. Initially, they 
fine-tune a pre-trained Alexnet CNN in the Penn-Fudan (170 images) and KTH Multiview Football (771 images) 
datasets. Experimental results show 52% accuracy in the Penn-Fudan dataset and 84% in the KTH Multiview Football 
dataset. Wei and Kehtarnavaz (2019) used a deep learning framework of the semi-supervised convolutional neural 
network (SF-RCNN) with ResNet50 and GoogleNet networks to detect people and classify their load in video data 
through transfer learning. In the transfer learning technique used, a pre-trained ResNet50 model was retrained to 
detect people. In the classification phase, transfer learning CNN GoogleNet is used to distinguish between situations 
involving a detected person carrying a package or carrying a long arm.
In recent years, there has been considerable progress in boosting the performance of deep convolutional 
neural networks (CNN) with the growing availability of better performing model architectures. Commonly, 
researchers release their final model checkpoints to aid other researchers who can adapt (fine-tune) these results to 
new problems. Instead of training a CNN from scratch on a small dataset, it is possible to do a special kind of training 
called transfer learning (Torrey and Shavlik, 2010). Transfer learning takes advantage of pre-trained networks on a 
huge dataset, which is then optimized and reused on a small, but correlated, dataset from a different domain (Sharif 
Razavian et al., 2014). A large volume of annotated datasets for training such as the ImageNet database (Deng et 
al., 2009), Pascal VOC (Everingham et al., 2010), the Common Objects in Context (COCO) dataset (Lin et al., 2014) 
and the Open Images dataset are readily available for public use. Since all layers (except the output layer) can use 
pre-trained parameters during transfer learning, training time drops drastically while the algorithm’s generalizability 
is improved (Guo et al., 2016). 
The pre-trained models can be used as a feature extractor or as a basis for fine-tuning (Sharif Razavian et 
al., 2014). To use the pre-trained model as a feature extractor one should remove the fully connected layer of a 
pre-trained network and preserve the rest of the network. The removed layer is replaced by a machine learning 
classifier such as random forests, support vector machines or a new CNN, thus enabling to train the new classifier 
to a specific dataset.
The strategy for fine-tuning from a pre-trained model involves updating the weights of the pre-trained model by 
continuing the backpropagation algorithm. Fine-tuning can be applied to all the layers of the network or it is possible 
to keep some of the earlier layers (also called frozen layers) and only fine-tune some higher-level layers. This can be 
done because the features of the initial layers are generic and therefore transferable to a variety of specific datasets 
and tasks, while later features become progressively more specific to a particular problem (Yosinski et al., 2014).
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The performance of transfer learning within deep learning architectures varies due to the difference in 
the used datasets, the amount of data, and the computational resources. A typical procedure for the practical 
application of CNN pre-trained models for object detection via transfer learning is to adapt them using a new small 
dataset. Setting the amount of data needed to build a robust object detection model is an important issue. Huh et 
al. (2016) explore relative importance of training samples in transfer learning starting from the following question: 
how does the amount of pre-training data affect transfer performance? Shin et al. (2016) compared various deep 
network architectures, dataset characteristics and training procedures for computer tomography-based abnormality 
detection to explore how the performance of a CNN changes according to architecture, dataset characteristics, and 
transfer learning. They considered five deep CNNs, namely AlexNet, CifarNet, GoogLeNet, OverFeat, and VGG-16, 
which achieved state-of-the-art performance in various computer vision applications. They observed that choice of 
architecture, parameter setting, and model fine-tuning needed is a dataset-specific problem. So, the relationship 
between the amounts of training samples required to train the object detection model via transfer learning to 
obtain a robust detector can still be explored. In this paper, it is presented the result of a study aimed at evaluating 
the use of fine-tuning convolutional networks to detect pedestrians in image frames of video sequences. We discuss 
this issue using a limited dataset and test the data on the pre-trained network models - Faster R-CNN Inception v2, 
SSD Inception v2, and SSD Mobilenet v2. Among the questions that are discussed based on the experiments using 
the three different network models are: the size of the necessary training set to fine-tune the models; the necessary 
iterations to achieve a stable quality in the training process and the quality of the model when applied to a test set.
2. Related Works
Ever since deep learning emerged, it has been successfully applied to various real-world problems such as, 
image classification (Wei and Kehtarnavaz, 2019), image segmentation (Luo et al., 2017), object detection (Hu et 
al., 2017; Zhao et al., 2019), and tracking (Jiang and Huynh, 2017). For the pedestrian detection task, deep learning-
based methods have achieved great success (Tian et al., 2015; Hu et al., 2017; Zhao et al., 2019; Xie et al., 2020).
Deep learning-based pedestrian methods either employ the single-stage (Liu et al., 2016; Redmon et al., 
2016) or two-stage (Ren et al., 2015) strategy as their backbone architecture. Two-stage detectors, such as Fast-
RCNN (Girshick, 2015) and Faster R-CNN (Ren et al., 2015), first generates a set of object candidate locations 
through a Region Proposal Network (RPN) on the feature map, and then classifies each candidate as foreground or 
background while jointly performing localization regression. On the other hand, the one-stage detectors such as the 
SSD (Liu et al., 2016) or You Only Look Once (YOLO) family (Redmon et al., 2016) directly predict the output without 
region proposal stage. In Huang et al. (2017) is presented a comprehensive review that compares the trade-off 
between accuracy and speed among different deep learning-based object detectors, which demonstrates an overall 
conclusion that two-stage detectors achieve higher accuracy while one-stage detectors perform better in speed.
The two-stage detectors proposed by Zhao et al. (2017) detects pedestrian using Fast R-CNN. Recent trends 
on two-stage detectors focus on developing end-to-end approaches by using customized architectures or adapting 
Fast-RCNN or Faster-RCNN to detect pedestrians. For instance, Scale Aware Fast R-CNN (SA-Fast-RCNN) (Li et al., 
2017) extends Fast-RCNN with multiple built-in sub-networks to adaptively detect pedestrians of different scales. 
Zhang et al. (2016) presented RPN (Region Proposal Network) + BF (Boosted Forest) framework that questioned 
the effect of the Faster R-CNN algorithm (Ren et al., 2017) for detecting pedestrians. Since then, much effort has 
been made on improving the performance of pedestrian detection (Zhang et al., 2017; Pang et al., 2019; Zhai et 
al., 2020), and some others (Tian et al., 2015; Zhou and Yuan, 2018; Pang et al., 2019; Xie et al., 2020) target at 
handling occlusion. The work of Tian et al. (2015), Masita et al. (2018), Wei and Kehtarnavaz (2019), and Zhang et 
al. (2020) proposed to detect pedestrians by addressing the fine-tuning problem, while Jiang et al. (2016) and Zhai 
et al. (2020) focus on speed up two-stage pedestrian detection algorithm. Since Fast R-CNN and Faster R-CNN have 
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limited success for detecting small pedestrians due to the low resolution of their convolutional features (Zhang et 
al., 2016), Hu et al. (2017) introduced semantic labels to improve pedestrians detections.
For the speed issues, researchers came up with one-stage detectors that sped up the detection process for 
pedestrian detection. It is the case of works of Du et al. (2017), Liu et al. (2018) or Bai et al. (2019). Du et al. (2017) 
exploit multiple neural networks in parallel for further refinement of pedestrian candidates obtained by the SSD. Liu et 
al. (2018) propose ALF (Asymptotic Localization Fitting) based on SSD to detect pedestrians. It stacks together multiple 
predictors to learn a better detection from default anchor boxes. Bai et al. (2019) propose a single shot proposal 
relation based approach for pedestrian detection. To boost the performance of one-stage detectors for pedestrian 
detection, Jin et al. (2020) implemented auxiliary detection head (ADH) module. Before ADH module, Du et al. (2017) 
and Mao et al. (2017) came up with idea of improving the pedestrian detection performance by combining semantic 
information. More current state-of-the-art pedestrian detectors are fine-tuned from pretrained classification networks 
(Shen et al., 2017; Zhu et al., 2019) focused on training a one-stage object detector from scratch.
3. Methodology
Figure 1 illustrates the key steps of the proposed object detection method. Three main elements compose 
the process, these are: image dataset splitting, deep model transfer learning, and detector performance evaluation. 
In this paper, we focus on the detection of pedestrians in image frames from video sequences of urban scenes. To 
perform the experiments, natural scenes were recorded using a mobile phone with a 4MP camera (16:9) from a 
window located on the fifth floor to obtain oblique views and others were obtained at the ground level. To simulate 
a more general situation, the camera was not fixed, so that the exterior orientation of the device changed along the 
recording time. The videos were then splitted into image frames using OpenCV to compose the dataset. To reduce 
the number of samples used for training, not all frames in the video are used but only one frame from every ten 
frames was taken for training. The image database comprises 700 1080w x 1920h RGB images. The images show 
objects such as vehicles and pedestrians in multiple locations in complex situations, including reduced illumination. 
The size of the region occupied by pedestrian in the images varies around 48x129 pixels, depending on the pose of 
the pedestrian and the distance to the camera. Pedestrian were labelled in the images, including those who were 
walking or standing, and if they were 75% visible in the image. 
To assess the influence of the size of the training set and select the minimum number of images that should 
be used as training set, the dataset was splitted into training and testing subsets. The size of the training set varied 
from 50%, 60%, 70%, 80% and 90% of the total dataset. Three deep models were evaluated: The Faster R-CNN 
Inception v2, the SSD Inception v2 and the SSD Mobilenet v2. The detectors were retrained and tested in our dataset 
and using a public domain dataset provided by the Cityscapes project (Cordts et al., 2015).
4Fine-tuning deep learning models for pedestrian detection
Boletim de Ciências Geodésicas, 27(2): e2021013, 2021
Figure 1. Flowchart of the experiment.
A description of the models used is presented as follows.
Faster R-CNN with Inception v2 backbone: mainly Faster R-CNN has two stages, first stage produces region 
anchors (regions having high probability about occurrence of the object (pedestrian)) via RPN. The next stage classifies 
object (pedestrian) using detected regions and extracts bounding box information. RPN takes a set of images (of any 
size) as input, represents them as multidimensional arrays (tensors) that, when passed through pre-trained CNN, 
create the convolutional feature map. In Faster R-CNN Inception v2, the Inception v2 (Szegedy et al., 2015) based 
model is used as backbone. Inception v2 is an enhanced version of the original version Inception v1 (Szegedy et al., 
2015), where the 5x5 convolution layer is replaced by two 3x3 layers. Finally, the 3x3 convolutions are split into 1x3 and 
3x1 and then made wider to remove the computational bottlenecks (Szegedy et al., 2015). There are other versions of 
inceptions: Inception v3 and v4 (Szegedy et al., 2016). Based on convolutional feature maps (exacted by Inception v2 
backbone), the RPN generates candidate windows, i.e., region of interest (ROI). For each proposed region, ROI pooling 
is applied to convolutional feature maps to get a fixed-length feature vector used as input to the classification network. 
The fixed-length feature vector of each ROI generated from the pooling ROI layer is fed into two fully connected layers, 
referred to as fc6 and fc7 in Figure 2b. One of the output layers produces estimation softmax probability on object 
classes and background (classification). The other layer generates four outputs of four real-valued numbers (x, y, w, h) 
for each object class, encoding the bounding box positions refined for each class (regression). To estimate the loss for 









                                          (1)
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Where {pi } and {ti } forms each, the output of the classification and regression layers; Lcls and Lreg are loss 
functions of the softmax classifier and regression of the bounding box, respectively. The output is obtained through 
the normalization of Ncls and Nreg via weighting by a balance parameter λ.
The regression loss 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟(𝑡𝑡𝑖𝑖, 𝑡𝑡𝑖𝑖∗)  is activated only if the anchor contains an object (i.e., the ground truth 𝑝𝑝𝑖𝑖∗  
is 1). The term ti is the output prediction of the regression layer and consists of four variables [tx, ty, tw, th]. The 




        𝑡𝑡𝑦𝑦 =
(𝑦𝑦−𝑦𝑦𝑎𝑎)
ℎ𝑎𝑎
      𝑡𝑡𝑤𝑤 = log⁡(
𝑤𝑤
𝑤𝑤𝑎𝑎
)     𝑡𝑡ℎ = log⁡(
ℎ
ℎ𝑎𝑎




       𝑡𝑡𝑦𝑦∗ =
(𝑦𝑦∗−𝑦𝑦𝑎𝑎)
ℎ𝑎𝑎
      𝑡𝑡𝑤𝑤∗ = log⁡(
𝑤𝑤∗
𝑤𝑤𝑎𝑎





                                               (2)
here (x, y, w, h), (xa, ya, wa, ha) and (x*, y*, w*, h*) denote the predicted box, proposal box and ground-truth box, 
respectively. To determine how the anchor regions agree with the ground truth bounding boxes, the intersection 
of the union (IoU) method is used. The detection d is considered as true positive whenever its IoU with the closest 
ground truth g is greater than 0.5 (Ren et al., 2015).
𝐼𝐼𝐼𝐼𝐼𝐼(𝑑𝑑, 𝑔𝑔) =
|𝑑𝑑 ∩  𝑔𝑔|
|𝑑𝑑 ∪ 𝑔𝑔|   {
≥ 0.5 = 𝑝𝑝𝑝𝑝𝑑𝑑𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
< 0.5 = 𝑏𝑏𝑝𝑝𝑏𝑏𝑏𝑏𝑔𝑔𝑝𝑝𝐼𝐼𝑜𝑜𝑝𝑝𝑑𝑑 
                                                          (3)
Figure 2: Schematic representation of the architecture of (a) SSD and (b) Faster R-CNN detectors.
(a)
(b)
SSD with Inception v2 backbone: the SSD detector is an object detection algorithm proposed by Liu et al. 
(2016) that solves the problem through a single pass in the image of a feedforward convolutional network. Here, 
an input image is passed through a series of convolutional layers and downsampled via the SSD base network layer, 
as displayed in Figure 2a. The convolutional layer produces a set of feature maps at different scales and various 
bounding boxes with object class scores in boxes. The variable size of the feature maps produces boxes with different 
dimensions, which in turn, allows detecting objects of different sizes. Ning et al. (2017) proposed the detection of 
objects using Inception Single Shot MultiBox Detector (I-SSD), which improved the SSD algorithm, i.e., increasing 
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its classification accuracy without affecting its speed. The purpose in I-SSD is to reduce the data representation or 
bottleneck, i.e., the use of intelligent factorization methods and convolution operations can make it more efficient in 
terms of computational complexity (Rosebrock, 2017).  Similar to Faster R-CNN model, the SSD estimate the loss for 
regression and classification. Its loss function L is computed as a combination of two losses namely: the confidence 
loss Lconf which is dependent on the confidence rate and the localization Lloc representing the network’s performance 
on estimating the bounding boxes. Both losses are weighted and added, such in the (Liu, 2016):
𝐿𝐿(𝑥𝑥, 𝑐𝑐, 𝑙𝑙, 𝑔𝑔) = 1𝑁𝑁 (𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥, 𝑐𝑐) + 𝛼𝛼𝐿𝐿𝑙𝑙𝑐𝑐𝑐𝑐(𝑥𝑥, 𝑙𝑙, 𝑔𝑔))                                                          (4)
here, N is number of default boxes, L is localization loss, α is a weight to balance two losses and set to 1 in all 
experiments, c is offset for center, l is predicted box and g is the ground truth box parameters.
SSD with MobileNet v2 backbone: similar to SSD Inception v2, SSD-MobileNet v2 is a one-stage object 
detector (Figure 2a) but is employed for reducing the size and complexity of the model. The model uses a multiple 
feature map along a single network. In order to increase speed and eliminate proposed regions, the network can 
use this information to predict both, very large objects through deeper layers, as well as to predict very small 
targets by means of shallow layers. The MobileNet backbone has comparatively simple architecture consisting 
of a 3×3 depthwise convolution followed by a 1×1 pointwise convolution. This, make SSD-MobileNet valuable for 
applications on mobile and embedded devices (Liu et al., 2020).
3.1 Experimental Setup
In the training step, we applied transfer learning using the pre-trained models provided by the TensorFlow API 
(Huang et al., 2016). TensorFlow API, is a toolbox that was designed for simple, flexible, and easy use of CNN building 
blocks. It provides premade models (model zoo) combining some of the state-of-the-art detection algorithms with 
many of the main CNN backbone models. The provided models are trained on the MS COCO dataset with 90 classes. 
TensorFlow API also provides detailed tutorials to retrain models for new categories using transfer learning. To use 
the detectors for our task we set a number of classes to one and the number of training steps to 5000. All images 
were randomly divided into different proportions: 50%, 60%, 70%, 80% and 90% for a total of sample data, referred 
respectively as experiment 1 (e1), experiment 2 (e2), experiment 3 (e3), experiment 4 (e4) and experiment 5 (e5). 
The performance of detectors models is reported by accuracy, precision, mean average precision (mAP), F1-score 
and recall. The recall (r), precision (p) and F1-score metrics (Goutte and Gaussier, 2005) are computed as:
𝑟𝑟 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 
                                                                           (5)
𝑝𝑝 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇 
                                                                          (6)
𝐹𝐹1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ∗ 𝑠𝑠 ∗ 𝑝𝑝𝑠𝑠 + 𝑝𝑝  
                                                                   (7)
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇 + 𝐹𝐹𝑇𝑇                                                            (8)
TP (true positive) indicates a detection where the IoU is greater than 0.5; 
FN (false negative) is a pedestrian that is not detected at all (omission errors); 
FP (false positive) when a pedestrian is completely incorrectly labeled (commission errors).
The mean average precision metric is calculated as the mean of average precision of the object class. 
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The experiments were implemented on a computational server with the following hardware specifications: 
Intel (R) Core (TM) Processor i7-7500U CPU @ 2.70GHz 2.90GHz, Installed Memory (RAM) 8.00 GB 64-bit operating 
system type, x64-based processor and NVIDIA GeoForce 940MX graphics processing unit.
4. Experimental Results and Analyses
On the basis of the dataset redistribution, all models are tested, evaluated, and their performance assessed. 
Table 1 depicts the comparison of detection metrics from tested models. It can be seen from this table that the 
Faster R-CNN Inception v2 model offers the maximum performance in pedestrian detection, namely high precision, 
recall, accuracy and F1-score in almost all experiments. Although the performance of the detector improves with 
increasing number of training samples (e1-e4), adding much more training samples for training (e5) decrease the 
performance of almost all tested models. For example, the recall metric increases from e1 to e4, and then decrease 
in e5. Yet when taking a look at the F1-score metric, the scenario e4 outperforms the rest of scenarios. In this case, 
the SSD Inception v2 substantially outperforms SSD Mobilenet v2 and achieves a difference of 6.6%. It can also be 
observed that this difference increases progressively from e1 to e3. The trend of the accuracy, precision, recall, and 
F1-score values are similar for tested models.
Table 1: Comparison of detection metrics from Faster R-CNN Inception v2, SSD Inception v2 and Mobilenet V2. 
Experiment Model Prec (%) Recall (%) Acc (%) F1-score
e1 (50%)
Faster R-CNN Inception v2 82.5 76.4 54 78.2
SSD Inception v2 70.7 64 44 68.2
SSD Mobilenet v2 62.1 59.1 40.1 63.1
e2 (60%)
Faster R-CNN Inception v2 86.2 82.5 66 84.8
SSD Inception v2 81.5 78.5 61 80.8
SSD Mobilenet v2 76 63.0 58.7 71.4
e3 (70%)
Faster R-CNN Inception v2 86.0 82.3 77 84.6
SSD Inception v2 78.03 76.3 67.7 78.26
SSD Mobilenet v2 85.4 57.8 65.3 66.4
e4 (80%)
Faster R-CNN Inception v2 96.6 92.6 84 94.6
SSD Inception v2 92 85.6 67.7 86
SSD Mobilenet v2 84.5 58.7 78.5 79.4
e5 (90%)
Faster R-CNN Inception v2 88.8 84.3 81 86.2
SSD Inception v2 90.1 83.2 78.1 84.2
SSD Mobilenet v2 73.5 56.9 64.3 74.8
For visualization purposes, we plot the accuracy metric computed for the different number of training 
samples (Figure 3). The accuracy tended consistently to increase when the training data was increased. For example, 
increasing the number from 350 to 420 samples increased the accuracy, in average, 21.5% for Faster R-CNN inception 
v2, 30% for SSD inception v2, and 28.4% for SSD Mobilenet v2. The results agree with the studies of Sa et al. (2016) 
and Huh et al. (2016). Sa et al. (2016) found out that the performance (precision, recall, accuracy, and F1-score) can 
be increased varying the number of training samples (i.e., 43, 45, 51, 100, 109, 122, and 136) for retraining Faster 
R-CNN with VGGNet via transfer learning. They achieved, respectively, F1-scores of 0.848, 0.948, 0.938, 0.932, 0.942, 
0.915 and 0.828. Like reported by Huh et al. (2016), for classification tasks, the increase of the amount of training 
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data conduce to increase the performance on transfer learning. This tendency maintains until 80% of the samples 
are used. In all experiments, SSD Mobilenet v2 had the lowest accuracy. When 90% of the samples were used, the 
accuracy decreases for all tested network models. The drop is almost equal in Faster R-CNN Inception v2 and SSD 
Inception v2, and lower than the one registered when SSD Mobilinet v2 is applied. 
The comparative study suggest that the best results can be obtained using 80% of the samples, i.e., 560 
samples, for training. In this case, the mAP is 96.6%, 90.1%, and 78% for Faster R-CNN Inception v2 SSD Inception 
v2, and SSD Mobilenet v2 respectively. Similarly, Sa et al. (2016) found that fine-tuning model using a small dataset 
generalizes well when allocating 80% of total data for training.







Faster R-CNN Inception v2
SSD Inception v2
SSD Mobilenet v2
The graphs in Figure 4 show the evolution of the mAP over the 5000 steps of the iterative training process. 
The Precision of the Faster R-CNN Inception v2 model has near logarithmic growth and reaches a plateau after 
2000 steps. At this point, the performance of the model slightly increases. The mAP of SSD Mobilenet v2 and SSD 
Inception v2 reaches respectively, a plateau after 1700 and 1500 steps confirming that comparing to Faster R-CNN, 
SSD models are faster (Xu, 2017). The mAP performance of all models increased fast initially (0.0 to 0.7), to later 
stagnate around 2000 to 1500 steps, as seen in Figures 4a, 4b, and 4c.  
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Figure 4: Development of overall mAP when fine-tuning (a) Faster R-CNN Inception-v2, (b) SSD Inception-v2, and 
(c) SSD Mobilenet v2.
(a) (b)
(c)
As observed in Figure 4, throughout the training, the precision values for the SSD detector are outperformed 
by the corresponding values of the Faster R-CNN. Moreover, when split training data to a proportion of 80% (e4) 
and 90% (e5), the mAP surpasses the other configuration variations of training data. SSD Inception v2 model is very 
sensitive at a proportion of 50% as it has the worst precision (0.725) compared to the same scenario for the SSD 
Mobilenet v2 and Faster R-CNN Inception v2 models which reaches approximately and 0.80 and 0.85 respectively. 
For Faster R-CNN Inception v2 the mAP does not vary significantly within a different variation of training data.
Although Faster R-CNN Inception and SSD Inception detectors use the same base extraction network 
(Inception v2), in all cases of our experiment, a two-stage detector Faster R-CNN Inception v2 model reaches near-
optimal performance, whereas the one stage detector SSD Inception v2 performs comparatively worse. As Zhao et 
al. (2019) has pointed out, two-stage detectors are more accurate than single-stage detectors. 
After the initial comparative test, the three models were applied to the same test set. Figure 5 displays some 
detection results of experiments 1 and 4 that represents, respectively, the worst and best scenarios. The detectors 
successfully detect pedestrians with various scale instances and background variation.
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Figure 5: Examples of detections output in our dataset, for Faster R-CNN Inception v2 (column 1), SSD Inception v2 
(column 2), and SSD Mobilenet v2 (column 3) systems.
The worst results are obtained with the reduced number of training samples, experiment e1. Here, the Faster 
RCNN Inception v2 model produced several false bounding boxes, while SSD with Inception v2 and Mobilenet v2 
detected almost all pedestrians.  In scenario e4, where the best accuracy was obtained for the training samples, the 
Faster R-CNN produces better results compared to the other models. In this scenario, SSD Inception v2 outperforms 
SSD Mobilenet v2.
The visual and qualitative results indicate a significant influence of the amount of training data on the 
detector’s performance. Meanwhile the results also report the potential of transfer learning. It was also possible 
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to confirm that a good accuracy (over 85%) can be achieved with a small amount of training data. This information 
is interesting for the use of monitoring systems based on deep learning. Likewise, transfer learning can help avoid 
much expensive data-labeling efforts.
Figure 6: Comparisons on three challenging pedestrian detection scenarios, from the Cityscapes dataset, for Faster 
R-CNN Inception v2, SSD Inception v2, and SSD Mobilenet v2 models.
Finally, we applied the nets trained using 80% of the samples to detect pedestrians in three challenging 
scenarios, obtained from the Cityscapes dataset (Cordts et al., 2015). Examples of the images are displayed in 
Figure 6. Each row in Figure 6 displays images with different problems: varying scale, occlusion, and a crowed 
scene. The input images were all blurred to avoid face recognition. In all evaluated scenarios, SSD Mobilenet v2 
output the worse detection results.
The experimental results illustrate that, although acceptable performance detection is achieved, errors 
still happen in all fine-tuned models. The ability of the fine-tuned models for object detection can be improved 
by a number of ways. For example, one can improve the architecture model to enhance its performance and 
generalization ability (Zhai et al., 2020), or by performing the models training and detection process on a cloud 
platform, which might raise the detection efficiency. Indeed, it is evident that the Faster R-CNN detects pedestrians 
with more accuracy, clearly with a greater processing time (i.e., more training steps to reach the plateau) than the 
SSD. This is because Faster R-CNN comprises two sequential stages, the first one to propose regions, followed by the 
second one that classifies the proposed regions. Conversely, the SSD have a lower processing time, which is a useful 
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advantage when designing applications in embedded systems, mainly because the model handle object detection 
as a regression problem.
5. Conclusion
We conducted sets of experiments to explore the performance of fine-tuning models with a variation in the 
number of training data for object detection on images, and compare state of art Convolutional Object Detection 
systems particularly, Faster R-CNN and SSD with Inception v2 base feature extractors and SSD Mobilenet v2. The set 
of experiments evaluate precision, accuracy, recall and F1-score of fine-tuned object detection models via Faster 
R-CNN Inception v2, SSD Inception v2 and SSD Mobilenet v2 systems with different amount of training samples. 
Qualitative and quantitative assessments indicate that SSD produces worse results compared to Faster R-CNN, but 
had quick convergence during the training indicating stronger learning ability of the detector. 
In fine-tuning the detectors, the precision, accuracy, recall, and F1-score had the same trend: the increase in 
training data increases the accuracy of the detector but the allocation of 90% of total data (e5) for training degrades 
the values of accuracy, precision, F1-score, and recall. The optimal number of data allocation for training is likely to 
be around 80% (e4) of the training data.
The proper selection of the proportion of training data plays a significant contribution to successful fine-
tuning models. If the proportion is too low (50%) or too high (90%) the models performance degrades, since de 
accuracy, precision, recall, and F1-score (Table 1) decrease and not all the pedestrians will be detected.  Therefore, 
the use of at least 60%-80% total of images for training is suggested to provide safety margin for transfer learning, 
using Faster R-CNN Inception v2, SSD Inception v2 and SSD Mobilenet v2.
From the experiment, the fine-tuning of the Faster R-CNN Inception v2, SSD Inception v2 and SSD Mobilenet 
v2 detectors tends to generate a coherent increase in the values of accuracy, precision, recall, and F1-score when 
retrained in our small dataset (only 700 images, taking around 5000 training steps), this demonstrates the potential 
of transfer learning technique in practical applications. 
Future work should test with a different number of classes and use fine-tuning with model topology adjustment 
by varying some model parameters such as IoU, graph, Batch size, Moment, Weight decay and anchors boxes.
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